Abstract: Fast charging stations enable the high-powered rapid recharging of electric vehicles. However, these stations also face challenges due to power fluctuations, high peak loads, and low load factors, affecting the reliable and economic operation of charging stations and distribution networks. This paper introduces a battery energy storage system (BESS) for charging load control, which is a more user-friendly approach and is more robust to perturbations. With the goals of peak-shaving, total electricity cost reduction, and minimization of variation in the state-of-charge (SOC) range, a BESS-based bi-level optimization strategy for the charging load regulation of fast charging stations is proposed in this paper. At the first level, a day-ahead optimization strategy generates the optimal planned load curve and the deviation band to be used as a reference for ensuring multiple control objectives through linear programming, and even for avoiding control failure caused by insufficient BESS energy. Based on this day-ahead optimal plan, at a second level, real-time rolling optimization converts the control process to a multistage decision-making problem. The predictive control-based real-time rolling optimization strategy in the proposed model was used to achieve the above control objectives and maintain battery life. Finally, through a horizontal comparison of two control approaches in each case study, and a longitudinal comparison of the control robustness against different degrees of load disturbances in three cases, the results indicated that the proposed control strategy was able to significantly improve the charging load characteristics, even with large disturbances. Meanwhile, the proposed approach ensures the least amount of variation in the range of battery SOC and reduces the total electricity cost, which will be of a considerable benefit to station operators.
Introduction
To address the energy and environmental crises, and as a significant component of sustainable development and the low-carbon economy, transport electrification, including electric vehicles (EVs), is experiencing a worldwide period of rapid development. As the energy supply of EVs, the charging infrastructure plays a crucial role in its promotion [1] [2] [3] . Due to the shorter recharging duration required compared to AC charging, as well as the lower investment cost compared to battery-swap charging, DC fast charging has become the mainstream method used for electric bus, taxi, and emergency charging [4, 5] . In addition, given the potential for increased battery capacity, DC fast charging is expected to be beneficial for daily use [6, 7] . Increased battery capacity enables long distance travel and In this fast charging station, eight DC chargers are individually connected to the grid through a 10 kV/0.4 kV distribution transformer. The actual measured charging load curve of this fast charging station, which is located in the Huairou District in Beijing, China, is shown in Figure 2 . The peak and valley power of the load curve are 1244.3 kW and 0 kW, respectively, whereas the daily average power is only 276.5 kW. Therefore, the load factor is 0.222, which is rather low compared to other common loads in the utility grid. This will result in higher investment and operation costs, due to the redundant power capacity drawn from the utility grid during construction and the basic electricity price paid once per month. Additionally, severe charging power fluctuations may affect the voltage quality and power loss in the distribution networks. If the station is integrated into a weak power grid, the point of common coupling voltage in the higher voltage distribution areas will deteriorate. Compared to the two existing types of charging load control, introducing BESS to fast charging stations is a promising way to manage these problems, since this method is user-friendly, and robust against the vehicle user's individual characteristics and real-time load perturbations. BESS is able to effectively control the load of a fast charging station. However, the battery cost for BESS is a limitation of this method. Though the price of batteries will decrease considerably with the increasing use of electric vehicles, minimizing the degradation of the batteries is essential to the optimal operation of BESS. The day-ahead optimal planned load deviation band is a pivotal aspect in the proposed method, and is also the first step of the proposed strategy. In this fast charging station, eight DC chargers are individually connected to the grid through a 10 kV/0.4 kV distribution transformer. The actual measured charging load curve of this fast charging station, which is located in the Huairou District in Beijing, China, is shown in Figure 2 . The peak and valley power of the load curve are 1244.3 kW and 0 kW, respectively, whereas the daily average power is only 276.5 kW. Therefore, the load factor is 0.222, which is rather low compared to other common loads in the utility grid. This will result in higher investment and operation costs, due to the redundant power capacity drawn from the utility grid during construction and the basic electricity price paid once per month. Additionally, severe charging power fluctuations may affect the voltage quality and power loss in the distribution networks. If the station is integrated into a weak power grid, the point of common coupling voltage in the higher voltage distribution areas will deteriorate. In this fast charging station, eight DC chargers are individually connected to the grid through a 10 kV/0.4 kV distribution transformer. The actual measured charging load curve of this fast charging station, which is located in the Huairou District in Beijing, China, is shown in Figure 2 . The peak and valley power of the load curve are 1244.3 kW and 0 kW, respectively, whereas the daily average power is only 276.5 kW. Therefore, the load factor is 0.222, which is rather low compared to other common loads in the utility grid. This will result in higher investment and operation costs, due to the redundant power capacity drawn from the utility grid during construction and the basic electricity price paid once per month. Additionally, severe charging power fluctuations may affect the voltage quality and power loss in the distribution networks. If the station is integrated into a weak power grid, the point of common coupling voltage in the higher voltage distribution areas will deteriorate. Compared to the two existing types of charging load control, introducing BESS to fast charging stations is a promising way to manage these problems, since this method is user-friendly, and robust against the vehicle user's individual characteristics and real-time load perturbations. BESS is able to effectively control the load of a fast charging station. However, the battery cost for BESS is a limitation of this method. Though the price of batteries will decrease considerably with the increasing use of electric vehicles, minimizing the degradation of the batteries is essential to the optimal operation of BESS. The day-ahead optimal planned load deviation band is a pivotal aspect in the proposed method, and is also the first step of the proposed strategy. Compared to the two existing types of charging load control, introducing BESS to fast charging stations is a promising way to manage these problems, since this method is user-friendly, and robust against the vehicle user's individual characteristics and real-time load perturbations. BESS is able to effectively control the load of a fast charging station. However, the battery cost for BESS is a limitation of this method. Though the price of batteries will decrease considerably with the increasing use of electric vehicles, minimizing the degradation of the batteries is essential to the optimal operation of BESS. The day-ahead optimal planned load deviation band is a pivotal aspect in the proposed method, and is also the first step of the proposed strategy. 
Control Model and Bi-Level Optimization Strategy

The BESS-Based Fast Charging Station Control Model
Based on the typical topology of a fast charging station depicted in Figure 1 , the basic control model of this system can be expressed as follows:
where P b (t) is the output power of BESS, P g (t) is the grid-side power of the fast charging station, P c (t) is the charging load power of the fast charging station, E is the energy of the BESS, and t and ∆t are the time and the BESS calculation step time, respectively. These two equations are derived from the principle of the power and energy balance of the fast charging station.
To address the control objectives of charging load peak-shaving, TOU tariff-based economic operation, minimization of BESS SOC variations [29] [30] [31] , and avoidance of control failure caused by insufficient BESS energy, a BESS-based bi-level optimization strategy for regulating the charging load of the EV fast charging station is proposed in this paper. The strategy involves two levels of optimization: the first is a day-ahead optimization level, which creates a peak-shaving and economic operation control plan; and the second is a real-time rolling optimization level, which achieves the day-ahead plan and guarantees the lifetime and the available energy of the BESS. A diagram of the bi-level optimization strategy is shown in Figure 3 , which displays the logical relationship between the two levels and the distribution of the objectives in the two optimization processes. 
Control Model and Bi-Level Optimization Strategy
The BESS-Based Fast Charging Station Control Model
Based on the typical topology of a fast charging station depicted in Figure 1 , the basic control model of this system can be expressed as follows: 
P t is the charging load power of the fast charging station, E is the energy of the BESS, and t and t Δ are the time and the BESS calculation step time, respectively. These two equations are derived from the principle of the power and energy balance of the fast charging station.
Day-Ahead Level Optimization Strategy
As the first level of the bi-level optimization strategy, the day-ahead level is implemented in the energy management system (EMS) of the fast charging station, based on the day-ahead charging load forecasting data obtained from a load forecasting system and other constraint information. Since the electricity charge is the variable portion of the daily production costs in a charging station, minimizing the electricity charge is one way to increase profits. The TOU electricity rates stipulated in a fast charging station are the fixed electricity prices, and usually contain peak, flat, and valley 
As the first level of the bi-level optimization strategy, the day-ahead level is implemented in the energy management system (EMS) of the fast charging station, based on the day-ahead charging load forecasting data obtained from a load forecasting system and other constraint information. Since the electricity charge is the variable portion of the daily production costs in a charging station, minimizing the electricity charge is one way to increase profits. The TOU electricity rates stipulated in a fast charging station are the fixed electricity prices, and usually contain peak, flat, and valley prices that vary based on the time of day in order to promote reasonable timing of electricity consumption. Therefore, to reduce the operation costs, minimizing the daily electricity cost of the fast charging station was chosen as the objective function:
where C is the daily electricity cost, c(i) is the TOU electricity rate during the time index i, n and τ are the number of time index and the time interval, respectively, which depend on the input charging load forecasting data interval, and P c f is the total forecasted charging power by time.
Since the objectives of reducing the peak loads and the charging load change rate are rigid, they can be handled as constraint conditions in the strategy, for the sake of simplicity. Therefore, the constraint conditions that should be satisfied in the optimization are as follows:
The peak-shaving grid-side power constraint is:
The charging load change rate constraint is:
The BESS energy constraint is:
The BESS power constraint is:
where P gmin and P gmax are the minimum and maximum grid-side power, respectively; γ min and γ max are the minimum and maximum charging load change rates, respectively; P t is the power capacity of the transformer; λ min and λ max are the minimum and maximum permitted BESS energy percentage, respectively; P bmin and P bmax are the minimum and maximum BESS output power, respectively, which are always the rated power of the BESS converter. Since the objective function, constraints, and feasible range of the day-ahead level constitute a nonempty bounded convex set, this problem can be solved with a linear programming algorithm, through which the day-ahead optimal planned load curve can be obtained. This day-ahead optimal planned load curve includes optimal objective information, such as peak-shaving, electricity cost minimization, and charging load change rate reduction.
Day-Ahead Optimal Planned Load Deviation Band
Since each battery has an energy limitation, the BESS capacity margin for the rest of the daily operation times should be considered in order to avoid control failure caused by the insufficiency of BESS energy. In addition, for the optimal usage of BESS to extend the lifecycle of batteries, the concept of the load deviation band is introduced in this paper on the basis of the day-ahead optimal planned load curve, making the peak-shaving objective a load band, rather than a load curve. This is a kind of constraint relaxation, actually. The mathematical model of the day-ahead optimal planned load deviation band is as follows:
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where P u and P l are the upper and lower boundaries of the day-ahead optimal planned load deviation band, respectively; P g (i) is the optimal planned load derived by the day-ahead level optimization; and δ is the band deviation coefficient, which is between 0 and 1. A schematic diagram of the day-ahead optimal planned load deviation band is shown in Figure 4 . Without the load deviation band, the original real-time charging load peak at time k 1 is shaved to the planned value of the day-ahead optimal load. However, at time k 2 , the peak-shaving failed due to exhausting the capacity of BESS. With the load deviation band applied, the strategy does not shave the load peak at the time k 1 to the optimal value determined by the day-ahead level optimization, but to a higher value than the optimal one, which saves BESS energy for time k 2 and enables peak-shaving at time k 2 . A schematic diagram of the day-ahead optimal planned load deviation band is shown in Figure 4 . Without the load deviation band, the original real-time charging load peak at time k1 is shaved to the planned value of the day-ahead optimal load. However, at time k2, the peak-shaving failed due to exhausting the capacity of BESS. With the load deviation band applied, the strategy does not shave the load peak at the time k1 to the optimal value determined by the day-ahead level optimization, but to a higher value than the optimal one, which saves BESS energy for time k2 and enables peak-shaving at time k2. 
Real-Time Rolling Optimization
At the real-time optimization level, the strategy that is embedded in the EMS of a fast charging station is implemented in real time. Therefore, online optimization of the BESS output power or the grid-side power is required to follow the day-ahead optimal planned load deviation band during this process.
The real-time optimization strategy must achieve the day-ahead optimization objectives, represented by the load deviation band, and optimize the BESS usage to conserve energy for the following load peaks online. In addition, based on the load deviation band, the variation in the range of the SOC of BESS can be minimized during charging load regulation. This will improve the battery life during operation, since lithium-ion batteries with a reduced SOC range of around 50% exhibit a significantly slower capacity loss rate [32] [33] [34] .
During real-time operation, considering the uncertainty and perturbations of the charging loads, as well as the period of ultra-short-term charging load forecasting, rolling optimization ( Figure 5 ) for the BESS power, by transferring the control process into a multistage decision-making problem, is proposed in this paper. 
During real-time operation, considering the uncertainty and perturbations of the charging loads, as well as the period of ultra-short-term charging load forecasting, rolling optimization ( Figure 5 ) for the BESS power, by transferring the control process into a multistage decision-making problem, is proposed in this paper. Figure 5 depicts the rolling optimization strategy principle. More specifically, the first line of this figure is the time axis. The second line shows the single-stage decision-making optimization period at time index k during rolling optimization. Similarly, the third and the fourth lines show the rolling optimization process, which scrolls forward step by step. In Figure 5 , four time indices are used as an example. The optimization, which is a single-stage decision-making process, is implemented within the optimization period at each time index. When the solution, which is the output power of the BESS after optimization, is obtained, only the first value in the optimal trajectory is applied to the process. At the next time index, the entire procedure is repeated. This optimization process continues to scroll forward to constantly generate BESS control commands. Based on the above illustrations, during each decision-making period, the objective function of the optimization model is as follows:
where m is the number of time indices in a rolling optimization period, k is the time index in the real-time rolling optimization, and its time interval is the control step of the real-time rolling optimization, s is the state-of-charge of the BESS, and L is a reference value equal to 0.5. In addition to the above objective of reducing the variation in the SOC range to ensure battery life, other objectives for charging load control are as follows:
The grid-side power constraint for peak-shaving using the day-ahead optimal planned load deviation band is:
MPC-Based Real-Time Rolling Optimization Model
In this paper, to solve the above real-time rolling optimization problem, we used the model predictive control approach. With MPC, also known as receding horizon control, an optimization problem can be solved at each time step to determine a plan of action over a fixed time horizon. The first input from this plan is applied to the system. At the next time step, the planning process is repeated, solving a new optimization problem with the time horizon shifted one step forward. The Figure 5 depicts the rolling optimization strategy principle. More specifically, the first line of this figure is the time axis. The second line shows the single-stage decision-making optimization period at time index k during rolling optimization. Similarly, the third and the fourth lines show the rolling optimization process, which scrolls forward step by step. In Figure 5 , four time indices are used as an example. The optimization, which is a single-stage decision-making process, is implemented within the optimization period at each time index. When the solution, which is the output power of the BESS after optimization, is obtained, only the first value in the optimal trajectory is applied to the process. At the next time index, the entire procedure is repeated. This optimization process continues to scroll forward to constantly generate BESS control commands. Based on the above illustrations, during each decision-making period, the objective function of the optimization model is as follows:
where m is the number of time indices in a rolling optimization period, k is the time index in the real-time rolling optimization, and its time interval is the control step of the real-time rolling optimization, s is the state-of-charge of the BESS, and L is a reference value equal to 0.5.
In addition to the above objective of reducing the variation in the SOC range to ensure battery life, other objectives for charging load control are as follows:
In this paper, to solve the above real-time rolling optimization problem, we used the model predictive control approach. With MPC, also known as receding horizon control, an optimization problem can be solved at each time step to determine a plan of action over a fixed time horizon. The first input from this plan is applied to the system. At the next time step, the planning process is repeated, solving a new optimization problem with the time horizon shifted one step forward. The control policy involves feedback, since real-time measurements are used to determine the control input. MPC is a nonlinear control policy that handles input constraints, output constraints, and various control objectives. Moreover, MPC is a high-speed solver that can be applied to real-time application [35, 36] .
Accordingly, we propose a MPC-based real-time rolling optimization strategy that ensures the grid-side power follows the day-ahead optimal planned load deviation band and improves the battery life.
The state space model of the fast charging station can be written as follows:
where x(k) is the BESS output power P b , u(k) is the grid-side power of the fast charging station P g , r(k) is the charging load power of the fast charging station P c , y(k) is the state-of-charge of the BESS, and T is the time constant determined by the control step. For example, if the control step is 5 min, and 1 h is used as the reference, then T = 60 5 = 12 . For simplification, T = 12 will be used in the following deduction and optimization.
Equation (14) can be transformed to the following style:
where:
. . .
, and the number of time indices in a rolling optimization period m is the prediction horizon in MPC. Therefore, ignoring the constant terms, the objective function in Equation (10) can be represented as:
where
By substituting the prediction expression in Equation (15) into the objective function in Equation (16), and ignoring the constant terms, the objective function can be expressed as:
Since the objective function can be solved by quadratic programming (QP) in MPC, transforming the following standard formula of QP is necessary:
where x is the vector of the optimization variables; H and h are the matrices of the quadratic 
According to Equations (11) to (13) , the constraints can be expressed as:
Then, Equation (20) to Equation (22) can be transformed into:
Based on Equation (23), the vectors of the constraint condition boundaries in Equation (19) in the MPC-based real-time rolling optimization can be derived:
In Equations (23) and (24), the symbols 'max' and 'min' stand for calculating the maximum or minimum value in every column of the matrix
In the standard QP form, the MPC-based rolling optimization can be easily implemented with the Matlab optimization toolbox, which can be applied to an actual charging station using the hybrid programming of C# and Matlab.
Case Studies and Validation
Based on the above theory and methodology, case studies and their results are presented in this section.
A real fast charging station with eight 230 kW fast chargers and a 500 kWh/800 kW BESS, which is described in Section 2, was chosen for the case study, the topology of which is shown in Figure 1 . This charging station is located in the Huairou District in Beijing, China and serves 50 electric buses. All the data used in this paper were obtained from the actual monitoring system in the station.
This section is organized as follows. First, day-ahead optimization is performed in Section 5.1. Next, real-time rolling optimization is implemented for three cases in Section 5.2. In each case, a horizontal comparison of the results with or without BESS is performed, in which the BESS is controlled by two different real-time approaches. For robustness testing against load disturbance caused by driving habits or traffic conditions, longitudinal comparison is performed for Case I, II, and III, with the charging loads of three different day-ahead forecasting accuracies.
Day-Ahead Level Optimization Case Study
The day-ahead forecasted charging loads from a charging load forecasting system are shown in Figure 6 . The root mean squared error (RMSE) between the observed and predicted data was used to describe the accuracy of the day-ahead charging load forecasting. In Figure 6 , the accuracy of the day-ahead charging load forecasting is 100% for an ideal situation, meaning the forecasting is precise. The peak charging hours are mainly concentrated at 10:00 to 11:00 a.m. and 6:00 to 8:00 p.m., and the maximum peak load is 1048 kW.
Next
The day-ahead forecasted charging loads from a charging load forecasting system are shown in Figure 6 . The root mean squared error (RMSE) between the observed and predicted data was used to describe the accuracy of the day-ahead charging load forecasting. In Figure 6 , the accuracy of the day-ahead charging load forecasting is 100% for an ideal situation, meaning the forecasting is precise. The peak charging hours are mainly concentrated at 10:00 to 11:00 a.m. and 6:00 to 8:00 p.m., and the maximum peak load is 1048 kW. The parameters in this case study are listed in Table 1 . The large industrial electricity tariff standard applied to fast charging stations in Beijing is shown in Table 2 . Table 1 . Parameters of the day-ahead level optimization.
Parameter
Value Unit Maximum grid-side power 600 kW Minimum grid-side power 0 kW Maximum charging load change rate 10% - The parameters in this case study are listed in Table 1 . The large industrial electricity tariff standard applied to fast charging stations in Beijing is shown in Table 2 . Based on the parameters in Tables 1 and 2 , the day-ahead optimal planned load curve was obtained using linear programming, as shown in Figure 7 . The peak charging load on the day-ahead optimal planned load curve was significantly reduced to 598.4 kW from 1048.64 kW, and the load factor rose from 17.19% to 30.13%. As outlined in the first two sections, this will benefit both the station operator and the power system. Using this day-ahead optimal planned load curve, the peak-valley difference would also improve, from 1048.64 kW to 598.4 kW. The maximum charging load change rate would decrease to 9.2%, which is below the constraint of 10%. Furthermore, the daily electricity cost of the fast charging station would decrease from 3805.84 CNY to 3530.08 CNY, which is a 7.25% reduction, and would benefit the operator of the station because of the yearly electricity cost savings of 100,652.4 CNY. Tables 1 and 2 , the day-ahead optimal planned load curve was obtained using linear programming, as shown in Figure 7 . The peak charging load on the day-ahead optimal planned load curve was significantly reduced to 598.4 kW from 1048.64 kW, and the load factor rose from 17.19% to 30.13%. As outlined in the first two sections, this will benefit both the station operator and the power system. Using this day-ahead optimal planned load curve, the peak-valley difference would also improve, from 1048.64 kW to 598.4 kW. The maximum charging load change rate would decrease to 9.2%, which is below the constraint of 10%. Furthermore, the daily electricity cost of the fast charging station would decrease from 3805.84 CNY to 3530.08 CNY, which is a 7.25% reduction, and would benefit the operator of the station because of the yearly electricity cost savings of 100,652.4 CNY. Therefore, the day-ahead optimal planned load curve satisfies all the control objectives, including peak-shaving and electricity cost minimization, and can be applied in real-time as a reference plan for the following day.
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Real-Time Level Rolling Optimization Case Study
Three cases are provided here to illustrate the control effects of the real-time rolling optimization level, and validate the bi-level optimization strategy. In addition, by comparing these three cases with different day-ahead charging load forecasting accuracies, the robustness of the proposed strategy is validated. Note that all three cases are based on the day-ahead optimal planned load curve provided in Section 5.1. In this section, the parameters are the same as those listed in Table 1 , except for the number of time indices in a rolling optimization period. Instead, m = 12 and the real-time control step is 5 min. Therefore, the day-ahead optimal planned load curve satisfies all the control objectives, including peak-shaving and electricity cost minimization, and can be applied in real-time as a reference plan for the following day.
Real-Time Optimization Case I
Real-Time Level Rolling Optimization Case Study
Three cases are provided here to illustrate the control effects of the real-time rolling optimization level, and validate the bi-level optimization strategy. In addition, by comparing these three cases with different day-ahead charging load forecasting accuracies, the robustness of the proposed strategy is validated. Note that all three cases are based on the day-ahead optimal planned load curve provided in Section 5.1. In this section, the parameters are the same as those listed in Table 1 , except for the number of time indices in a rolling optimization period. Instead, m = 12 and the real-time control step is 5 min.
Real-Time Optimization Case I
In Case I, the day-ahead charging load forecasting accuracy is 100% as ideal, as shown in Figure 9 . In this case, two types of BESS-based strategies are performed and compared: direct control and MPC-based control.
including peak-shaving and electricity cost minimization, and can be applied in real-time as a reference plan for the following day.
Real-Time Level Rolling Optimization Case Study
Real-Time Optimization Case I
In Case I, the day-ahead charging load forecasting accuracy is 100% as ideal, as shown in Figure 9 . In this case, two types of BESS-based strategies are performed and compared: direct control and MPC-based control. Figure 9 . Day-ahead forecasted load, day-ahead optimal planned load, and real load curves for Case I.
In Figure 9 , the variance between the day-ahead forecasted loads and the real loads is 0. As detailed in Section 5.1, the peak charging load on the day-ahead optimal planned load curve was reduced to 598.4 kW from 1048.64 kW, whereas the load factor increased from 17.19% to 30.13%. Real load Day-ahead optimal planned load Day-ahead forecasted load Figure 9 . Day-ahead forecasted load, day-ahead optimal planned load, and real load curves for Case I.
In Figure 9 , the variance between the day-ahead forecasted loads and the real loads is 0. As detailed in Section 5.1, the peak charging load on the day-ahead optimal planned load curve was reduced to 598.4 kW from 1048.64 kW, whereas the load factor increased from 17.19% to 30.13%.
(1) The direct control strategy directly determines the BESS output from the difference between the day-ahead optimal planned value and the current charging load, considering the power and energy constraints of the BESS. Unlike rolling optimization, direct control does not have a rolling period, focusing only on control in the current moment and does not consider the future operation demands. The direct control result is shown in Figure 10 .
From Figure 10 , the control objectives have essentially been satisfied, as evidenced by the low day-ahead forecasting errors. However, from 7:05 to 7:25 a.m., 10:05 to 10:10 a.m., and 6:05 to 6:15 p.m., the SOC of the BESS reached the upper limit of 80%. This results in zero power output of the BESS, and may even cause the failure of the plan tracking for peak-shaving at those moments.
(2) The MPC-based real-time optimization strategy is a rolling optimization multistage decision-making problem approach. The control result is shown in Figure 11 . The results illustrate that the MPC-based strategy also satisfied the objectives. Moreover, over the entire day, the SOC of the BESS never reached the upper limit of 80%, meaning that the MPC-based approach performed better than the direct control approach because of the rolling optimization mechanism.
The results and the horizontal comparison of the three different real-time charging load control approaches are shown in Table 3 .
As shown in Table 3 , the charging load control performance of the two real-time strategies were almost the same in Case I, but the variation in the SOC ranges were considerably reduced by MPC compared to direct control. The basic electricity cost per day was also reduced due to the reduced peak load caused by introducing the BESS. The TOU electricity costs per day were reduced by each of the three different real-time approaches. (1) The direct control strategy directly determines the BESS output from the difference between the day-ahead optimal planned value and the current charging load, considering the power and energy constraints of the BESS. Unlike rolling optimization, direct control does not have a rolling period, focusing only on control in the current moment and does not consider the future operation demands. The direct control result is shown in Figure 10 . From Figure 10 , the control objectives have essentially been satisfied, as evidenced by the low day-ahead forecasting errors. However, from 7:05 to 7:25 a.m., 10:05 to 10:10 a.m., and 6:05 to 6:15 p.m., the SOC of the BESS reached the upper limit of 80%. This results in zero power output of the BESS, and may even cause the failure of the plan tracking for peak-shaving at those moments.
(2) The MPC-based real-time optimization strategy is a rolling optimization multistage decision-making problem approach. The control result is shown in Figure 11 . The results illustrate that the MPC-based strategy also satisfied the objectives. Moreover, over the entire day, the SOC of the BESS never reached the upper limit of 80%, meaning that the MPC-based approach performed better than the direct control approach because of the rolling optimization mechanism. The results and the horizontal comparison of the three different real-time charging load control approaches are shown in Table 3 . In Case II, the day-ahead charging load forecasting accuracy was 87.27%, as shown in Figure 12 . The variance between the day-ahead forecasted loads and the real loads was calculated as 15,145.4 which also means a larger load disturbance during daily operation. In Case II, the day-ahead charging load forecasting accuracy was 87.27%, as shown in Figure  12 . The variance between the day-ahead forecasted loads and the real loads was calculated as 15,145.4 which also means a larger load disturbance during daily operation. (1) The control results of the direct control strategy for Case II are shown in Figure 13 . Control failure Figure 12 . Day-ahead forecasted load, day-ahead optimal planned load, and real load curves in Case II.
(1) The control results of the direct control strategy for Case II are shown in Figure 13 . From Figure 13 , from 7:35 to 7:45 p.m., the SOC of the BESS almost reached the lower boundary, and its energy was insufficient to shave the load peak to a value below the maximum constraint. This control failure was caused by the increased day-ahead forecasting errors, and the direct control strategy itself, which does not consider future demand and excessively consumed BESS energy in order to shave the peak to about 500 kW during the 6:20-6:50 p.m. time frame.
(2) The control results of the MPC-based real-time rolling optimization strategy are shown in Figure 14 . Compared to the direct control results, the load peak from 7:35 to 7:45 p.m. was successfully shaved to the maximum acceptable power of 600 kW, due to the optimal usage of the BESS, which avoided the excessive consumption of BESS energy during the previous peak time frame of 6:20-6:50 p.m. Figure 12 . Day-ahead forecasted load, day-ahead optimal planned load, and real load curves in Case II.
(1) The control results of the direct control strategy for Case II are shown in Figure 13. (a) From Figure 13 , from 7:35 to 7:45 p.m., the SOC of the BESS almost reached the lower boundary, and its energy was insufficient to shave the load peak to a value below the maximum constraint. This control failure was caused by the increased day-ahead forecasting errors, and the direct control strategy itself, which does not consider future demand and excessively consumed BESS energy in order to shave the peak to about 500 kW during the 6:20-6:50 p.m. time frame.
(2) The control results of the MPC-based real-time rolling optimization strategy are shown in Figure 14 . Compared to the direct control results, the load peak from 7:35 to 7:45 p.m. was successfully shaved to the maximum acceptable power of 600 kW, due to the optimal usage of the BESS, which avoided the excessive consumption of BESS energy during the previous peak time frame of 6:20-6:50 p.m. The results and the horizontal comparison of the two different real-time charging load control approaches are shown in Table 4 .
As shown in Table 4 , compared to the original situation with direct control and without BESS-based control, the MPC-based rolling optimization strategy significantly improved the charging load characteristics in Case II, even with disturbances. The peak load with direct control was 783.45 The results and the horizontal comparison of the two different real-time charging load control approaches are shown in Table 4 .
As shown in Table 4 , compared to the original situation with direct control and without BESS-based control, the MPC-based rolling optimization strategy significantly improved the charging load characteristics in Case II, even with disturbances. The peak load with direct control was 783.45 kW, which is more than the constraint of 600 kW, causing a failure in the charging load control. Additionally, the variation in the SOC ranges was considerably reduced by MPC compared to direct control, decreasing from 60% to 42.06%. The total electricity cost, including the TOU electricity cost and the basic electricity cost, was reduced by about 17% by BESS-based real-time control, whereas the direct control and MPC-based optimization total electricity costs were almost identical. In Case III, the day-ahead charging load forecasting accuracy was rather low, only 82.57%, as shown in Figure 15 . The variance between the day-ahead forecasted loads and the real loads was calculated as 28,399.05, which is much higher than those in the previous cases and indicates a very large load disturbance in daily operation. kW, which is more than the constraint of 600 kW, causing a failure in the charging load control. Additionally, the variation in the SOC ranges was considerably reduced by MPC compared to direct control, decreasing from 60% to 42.06%. The total electricity cost, including the TOU electricity cost and the basic electricity cost, was reduced by about 17% by BESS-based real-time control, whereas the direct control and MPC-based optimization total electricity costs were almost identical. In Case III, the day-ahead charging load forecasting accuracy was rather low, only 82.57%, as shown in Figure 15 . The variance between the day-ahead forecasted loads and the real loads was calculated as 28,399.05, which is much higher than those in the previous cases and indicates a very large load disturbance in daily operation. (1) The control results of the direct control strategy for Case III are shown in Figure 16 . As can be seen from Figure 16 , from 7:00 to 7:15 p.m., an extreme situation occurred in which the maximum peak of the charging load was not reduced, due to a large day-ahead forecasting error occurring simultaneously, and the lack of optimization ability of the direct control strategy.
(2) The control results of the MPC-based real-time rolling optimization strategy for Case III are shown in Figure 17 . Compared to the results of direct control, the load peak from 7:00 to 7:15 p.m. was successfully shaved to the maximum acceptable power of 600 kW due to the optimal usage of the BESS. This illustrates that the MPC-based real-time rolling strategy achieved the control objectives, even with a large load disturbance, due to the proposed optimization mechanism, which considers future operation demands. Figure 15 . Day-ahead forecasted load, day-ahead optimal planned load, and real load curves for Case III.
As can be seen from Figure 16 , from 7:00 to 7:15 p.m., an extreme situation occurred in which the maximum peak of the charging load was not reduced, due to a large day-ahead forecasting error occurring simultaneously, and the lack of optimization ability of the direct control strategy.
(2) The control results of the MPC-based real-time rolling optimization strategy for Case III are shown in Figure 17 . Compared to the results of direct control, the load peak from 7:00 to 7:15 p.m. was successfully shaved to the maximum acceptable power of 600 kW due to the optimal usage of the BESS. This illustrates that the MPC-based real-time rolling strategy achieved the control objectives, even with a large load disturbance, due to the proposed optimization mechanism, which considers future operation demands.
(1) The control results of the direct control strategy for Case III are shown in Figure 16 . The results and the horizontal comparison of the two different real-time charging load control approaches are shown in Table 5 . The results and the horizontal comparison of the two different real-time charging load control approaches are shown in Table 5 . As shown in Table 5 , the direct control completely failed at peak-shaving, but the MPC-based rolling optimization strategy significantly improved the charging load characteristics in Case III, even with large disturbances. This verifies the robustness of the MPC-based control strategy against load forecasting error and load disturbance.
Finally, based on the longitudinal comparison of the results of the three cases, we reached the following conclusions. Firstly, the MPC-based real-time rolling optimization strategy can significantly improve the charging load characteristics and satisfy the objectives and constraints, even with large forecasting errors, which also illustrates the robustness of the proposed approach. Secondly, the variation in the SOC range will increase with the decrease in the day-ahead charging load forecasting accuracy, but the MPC-based strategy can still ensure the smallest variation in the SOC range. Thirdly, the MPC-based real-time rolling optimization strategy can reduce the total electricity cost to benefit the station operator.
The bi-level optimization control strategy proposed in this paper is meant to be applied to the daily operation of a fast charging station. For practical applications, based on the day-ahead forecasted charging load, day-ahead level optimization generates the optimal planned load curve that satisfies the multiple control objectives. Then, using this day-ahead optimal planned load curve as the reference, real-time level rolling optimization can be used to attain the control objectives. This second level of optimization is an online real-time BESS control strategy that can be embedded into the energy management system of a charging station.
Conclusions
This paper introduces BESS to the charging load control of fast charging stations, to address the challenges posed by the unique fast charging characteristics. Consequently, we proposed a BESS-based bi-level optimization strategy for charging load regulation of the electric vehicle fast charging station to achieve multiple control objectives. The results of the case studies show that: (1) through linear programming, the day-ahead level optimization can generate a day-ahead optimal planned load curve or a deviation band as a reference to achieve the objectives of charging load peak-shaving, electricity cost minimization, and charging load change rate reduction. (2) By using the proposed MPC-based control, real-time level rolling optimization can achieve the day-ahead plan, and ensure the lifespan and available energy of the BESS. (3) The real-time level control approach, namely MPC-based control, exhibits better performance in peak-shaving, total electricity cost reduction, and minimizing the variation in the SOC range compared to the results without BESS introduced or with only direct control, due to the day-ahead optimal planned load deviation band and real-time rolling optimization. (4) The robustness of our bi-level optimization strategy against load disturbance was validated by the comparison of the results from the three case studies with different day-ahead charging load forecasting accuracies, which might have been affected by the driver's personal habits or the traffic conditions. In addition, many potential extensions of the work reported in this paper are possible, such as case studies based on fast charging stations for different types of vehicles.
